Behind-meter application for a recently invented hydropneumatic Ground-Level Integrated Diverse Energy Storage (GLIDES) is focused in this research. Considering possible uncertainties from solar radiation and electricity load in a building microgrid, two-stage stochastic programming is adopted for 15-min operation and a mixed-integer nonlinear stochastic model is built with integrated energy systems of GLIDES, solar panel and power generating unit. In order to make the model computationally tractable, we use sample average approximate method to decrease associated complexity with sample size and improve solving efficiency. The experimental results in deterministic and stochastic operation indicate that best candidate solution from SAA are superior to the solution from expected value problem in terms of optimality gap and variance.
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Max, min liquid volume in pressure vessel P , P Max, min gas pressure of pressure vessel SV, ∆t Size of pressure vessel, time period length V 0 , P 0 Initial volume and gas pressure in vessel Building sector plays a critical role in achieving transition to a low-carbon economy. Globally, buildings and construction together account for 36% of global final energy use and 39% of energy-related carbon dioxide (CO2) emissions when upstream power generation is included [1] , while it is responsible for more than 40% of domestic primary energy consumption in U.S. since 2010 which is 44% more than transportation sector and 30% more than industrial sector [2] . To improve energy efficiency of buildings, several efforts have been made in past decades from making more stricter building standard codes, applying more advanced construction materials, etc. On the other hand, seeking optimal control strategies and improving design and operation decisions for integrated energy systems in buildings have also been extensively studied in literature.
The research on individual building or building level microgrid operation focuses on design optimization or optimal strategies for energy systems. Genetic algorithm is utilized to implement a tri-objective design of PV/Wind/Diesel/Battery hybrid energy system for a typical residential building with objective of minimizing life cycle cost, CO2 emissions and dump energy [3] . Lithium-ion battery storage system is designed with photovoltaic generation in the context of residential zero energy buildings [4] . Its operation is simulated under different conditions of solar radiation and demand, showing a reduction of 87% on annual energy bill. Energy transaction among buildings starts to get more attention after it's demonstrated that more benefits in cost saving, environmental sustainability and power supply reliability could be achieved by clustering buildings together. To enable efficient transactive operation, marginal price guided particle swarm algorithm is proposed where each building could simultaneously optimize its own operation [5] . Besides deterministic operation, stochastic models are usually adopted to mitigate the impacts of uncertainties and make more robust decisions. Demand side management of a commercial building microgrid with solar panel, stationary battery storage and mobile battery storage (electric vehicle, EV) is investigated [6] . Two-stage stochastic mixed-integer linear model is developed to address stochastic nature in solar generation, loads, EV availabilities and EV energy demands, the model is validated through sample average approximation. Optimal household appliance scheduling problem with battery storage system is formulated as mixed-integer nonlinear model with more practical operation constraints and solved using nonlinear solver SCIP [7] . The simulation results show that by optimally scheduling appliances and battery, cost saving, peak shaving and valley filling are achieved through load shifting.
Currently available electricity storage technologies have been classified according to the means by which each can be used in supplying energy to buildings [8] . It is concluded that Li-ion and Zn-air batteries are amongst the most promising technologies for buildings due to exceptionally high energy density. On the other hand, pumped-hydro energy storage (PHS) has the longest lifetimes, but they are dependent on suitable topographical conditions and have relatively lower overall efficiency. To overcome the disadvantage of PHS and address the need for dispatchable high-roundtrip efficiency energy storage, the concept of modular pumped hydro storage (mPHS) is recently introduced [9] and invented as Ground Level Integrated Diverse Energy Storage (GLIDES) [10] , [11] , which has been prototyped in Oak Ridge National Lab (see Figure 2 ). It has several advantages: 1) it can be installed at ground level or below, basically anywhere that can structurally support of pressure vessels; 2) it has the ability to integrate a diverse range of low grade heat sources and use the waste heat to boost efficiency in discharging process; 3) it's scalable which makes it possible to be allocated and utilized at grid-scale or equipped for smart buildings for behind-meter applications.
The organization of this research is as follows. The basic layout and configuration of GLIDES is introduced briefly in Section II, and a stochastic mixed integer nonlinear operation model is built for integrated operation of building microgrid with GLIDES; in Section III, SAA algorithm for general twostage stochastic programming are explained in steps; followed by two designed sets of experiments in Section V. Finally, conclusions are drawn in Section VI.
II. MATHEMATICAL OPTIMIZATION A. GLIDES System Configuration
Typically, GLIDES system consists of four main components as in the invention patent [9] : a liquid storage reser-voir, pre-pressurized pressure vessel(s), a pump/motor, and a hydraulic turbine/generator, see Figure 1 . In the charging process, the electricity will drive the pump/motor to pump liquid from liquid storage reservoir to the pressure vessel(s) until certain pressure level (less than allowable maximum level in the vessel), and to recover the stored energy, the now high-head water will pass through the hydraulic turbine (e.g. Pelton turbine) which spins an electrical generator to dispatch electricity. Furthermore, in the discharging process, available low-grade waste heat could be collected to further boost gas pressure from the top of vessel(s), thus, improving round-trip efficiency and energy density, thereby increasing dispatched electricity. More related details about different design schematics and components selection could refer to our previous studies [10] , [11] . The first-generation GLIDES prototype has been designed to operate between 70-130 bar pressure range with four 500 L gas tanks. In accounting for pump/motor, turbine and electric generator losses, the 91% indicated efficiency reduces to 66% round-trip efficiency for first-generation GLIDES, and for second generation, 84% round-trip efficiency could be achieved depending on different configuration and turbomachinery efficiencies.
B. Two-Stage Stochastic Model
To capture the randomness from electricity load in building and solar radiation, two stage stochastic programming is adopted here. At the first stage, here-and-now decisions (discrete control variables) need to be made before having clear information in the future, then after the realization of uncertainties, in second stage, wait-and-see decisions (continuous dispatch decisions) are generated for different scenarios as recourse action.
1) Objective function
The objective of two-stage stochastic model is to minimize expected total system operation cost since there is no cost generated from first stage, including electricity purchasing cost and fuel cost of PGU. ω s is probability of each scenario.
2) Electricity load balance constraint ep s,t + eg s,t + er s,t + ed s,u,t = EL s,t + ec s,u,t + es s,t (2) Electricity supply should match demand at each time step. On the left side, it's electricity coming from power grid, PGU, solar panel, GLIDES while on the right side, demand consists of electricity load in building, electricity charged for GLIDES and sold back to power grid.
3) Constraint for solar panel
Electricity generated from solar panel are simplified here to be limited by the panel area, solar radiation level and its generating efficiency. 4) Constraint for power generating unit
Electricity generated from power generating unit is related to the fuel it consumed in Eq.(4) and its fuel-to-electricity conversion coefficient in Eq.(5). 5) Constraint for volume control in GLIDES
Liquid volume level in pressure vessel should be kept between permitted lowest level and its maximum level and is determined by charging/discharging activities (Eq.(8)-(9)). 6) Power generation for GLIDES
ec s,u,t · η P · η M ≤ vc s,u,t · p s,u,t /3600 (13) ed s,u,t ≤ η T · η G · vd s,u,t · p s,u,t /3600
Pressure-volume relation Eq.(12) is given from polytropic gas compression/expansion precess between a min and max pressure Pascal. The polytropic index, n, is set to be 1.2 based on experimental data from the first lab-scale proof-of-concept GLIDES prototype in Oak Ridge National Laboratory. Related details for thermal analysis and experimental evaluation of GLIDES prototype could refer to our previous study [10] [11] .
III. SAMPLE AVERAGE APPROXIMATION
The key difficulty in solving stochastic model is evaluating the expectation term for second stage. To deal with this problem, sample average approximation (SAA) scheme is adopted here [12] . Given the standard formulation of two-stage stochastic program (Eq.(15)-(16)), It involves repeated solving of the SAA problem (Eq.(17)) with independent samples.
here, x is decision variables in first stage, and y is recourse variables in second stage, ξ := (q, T, W, h) denotes parameter vector in second stage with sample realizations ξ 1 , . . . , ξ N . Sample average function N −1 N n=1 Q(y, ξ n ) is used to approximate expectation E[Q(y, ξ)]. Let f * denotes optimal values of the true problem. The basic steps are as follows:
Step 1. Generate M independent samples each of size N , For each sample, solve the corresponding SAA problem (Eq.(17)). Letf m N andx m N , m = 1, . . . , M be according optimal objective value and optimal solution, respectively.
Step 2. Compute the following quantity:
, thusf M N serves as a lower statistical bound for optimal value f * with a variance estimation σ 2 f . 
In this step, the sample N is generated independently with the sample in Step 1 and N N . Sincex is a feasible solution, f (x) ≥ f * andf N (x) is an unbiased estimator of f (x), thusf N (x) serves as an upper bound for optimal value f * with a variance estimation σ 2 f .
Step 4. Compute the optimality gap of solutionx using lower bound estimation in Step 2 and upper bound estimation in Step 3 respectively in Eq.(22):
The estimated variance of the gap estimator ∆ is also given in Eq.(23).
IV. SAMPLE GENERATION
For data collection, 15-minute electricity load is scaled based on smart meter data of a residential building in a typical January day. The smart meter data is collected from Smart Neighborhood Project developed to serve as a testbed [13] for micro-grid transactive controls and located in Birmingham, Alabama. Solar radiation for Birmingham in year 2010 is collected [14] . Residential time-of-use rate in January from Alabama Power Utility [15] is used, 7.535 ¢/kwh during peak period (5:00 a.m.-9:00 a.m.) and 5.535 ¢/kwh during economy period time (all non-peak hours).
Without loss of generality, we assume that electricity load is a random variable that follows normal distribution x t ∼ N (µ, σ 2 ), and thus, electricity load for a sample period T = 96 follows multivariate normal distribution X = [x 1 , x 2 , . . . , x T ] ∼ N T (µ, Σ), µ is a T -dimensional mean vector, and Σ is a T ×T covariance matrix. µ and Σ could be obtained from historical data. The process is similar for solar radiation sampling. Monte Carlo sampling is used.
V. OPTIMIZATION RESULTS
In the following experiments, one pressure vessel with 10kw capacity and 8 hours storage time is assumed, a system overall round-trip-efficiency η RT E is given an estimated value 0.85. Then the energy stored per unit of volume (joules/m 3 ) in compression/expansion process, required storage volume, and maximum liquid volume in pressure vessel can be derived using following equations. Here, n is the same polytropic index as in Eq. (12) .
More details about overall system configuration of GLIDES system and parameters for power generating unit could be found in our previous research [5] , [11] , [16] . The used value of all defined parameters in nomenclature are summarized in Table I . A. Expected Value Solution Expected (or mean) value problem (EVP) is firstly solved here to illustrate optimal control of GLIDES in deterministic situation, and serves as reference for stochastic solution.
Nonlinear solver BARON is used to solve EVP for the chosen day. In the optimization, PGU is not utilized as the unit cost of fuel in generating 1kwh electricity equals $0.395 =[1 · a U + b U ] · P f (see Eq. (5)), which is larger than peak electricity price $0.07535. In worst case, if building load can be only satisfied via electricity purchasing from power grid, the total system cost will be $97.475. With integration of solar panel and storage GLIDES, the optimal total system cost $9.157 could be achieved (total cost equals $10.9 if the liquid volume level of GLIDES at the end of the day is required to be the same as initial level). Electricity purchasing and GLIDES charging process are shown in Figure 3 , and volume-pressure relationship in GLIDES is plotted in Figure 4 . Figure 3 and 4, in first 4 hours, the system prefers to buy electricity, then between hour 4-6, initial stored electricity in GLIDES is restored to satisfy electricity load without extra purchasing, meantime its liquid volume drops to zero. After peak A, GLIDES is charged eventually to its maximum volume before two quick discharging at the time points peak C and D. In the long charging/discharging process (hour 6.5-13, hour 16.5-24), nonlinear pressure-volume relationship with degree n = 1.2 (see Eq.(12)) in the pressure vessel could be observed. At the end, all liquid in GLIDES is discharged out trying to make more profit.
B. Stochastic Solution of SAA
To solve the mixed-integer nonlinear model more efficiently, sample size N is set to be 5, M = 100, N = 80 in SAA algorithm. The M independent samples could be solved in a parallel way in Step 1 of SAA, obtained objective values are plotted in Figure 5 and other results are in Table II . 
Fig. 5: Variation in the objective function values
To compare the solutions of EVP and stochastic model, the control variables from EVP solution are fixed and used to solve the same problem as in SAA, and final optimality gap of 1.5% is obtained with variance 0.016. It shows that stochastic solution is superior to EVP solution in terms of optimality and robustness when uncertainties are considered. The best control decisions in deterministic and stochastic conditions are shown in Figure 6 . VI. CONCLUSION In this research, behind-meter application is focused for a new hydropneumatic energy storage to be integrated with other energy systems. A two-stage stochastic operation model is developed with the consideration of stochasticity from electricity load and solar radiation. Mean value problem is firstly solved to verify the model and illustrate the volumepressure relationship of GLIDES. To solve the stochastic nonlinear model efficiently, sample average approximation method is adopted and small number of scenarios are used for a large number of independent samples. Candidate solution from stochastic operation has shown superiority when uncertainties are considered. In future study, waste heat from different sources will be included and investigated.
